Introduction
The need for better monitoring and modelling of the marine environment has increased dramatically in recent years, especially along coastal boundaries and shelf regions where human activities are extensive and pollution has a signi cant impact. Prediction of natural hazards, preservation of marine life and commercial utilization of resources like oil, gas, minerals, hydrothermal energy and marine food would bene t from an operational coastal zone monitoring and prediction system. This has been clearly demonstrated by a number of unpredicted events over the last few years, including storm surges, harmful algal blooms and oil spills.
A future operational coastal ocean and environmental monitoring and forecasting system will provide estimates of variables of both the physical and the biogeochemical marine environment. The system will enable early warning and execution of cost e ective precautions in the case of potential harmful events. In addition, a good understanding of the processes in the marine ecosystem is of great importance for resource management. The potential for marine monitoring systems has been pointed out in several publications 17, 18, 15] , and is identi ed as an area of great importance within EuroGOOS.
Some of the most important variables to predict are those which are related to the coastal zone and open ocean ecosystems, including the temporal and spatial distribution of planktonic biomass and plant nutrients. Knowledge of these variables is needed in order to assess the response of the marine ecosystem to various anthropogenic activities, to predict the water quality, to estimate new and regenerated marine production, and to understand the coupling between the physics and ecosystem dynamics in the marine cycling of nutrients and carbon.
A coastal ocean monitoring system will have to be built on methodologies for ecient integration of observations and numerical models. Oceanic in situ observations are sparse in space and time and, thus, the huge amount of remote sensing data provided by the satellites observing the environment will play a key role in an operational system even though they only provide information from the ocean surface. On the other hand, ocean circulation models do hold information about the physical processes which govern the general ocean circulation, although they must be used together with information from observations to give a realistic description of the real world. Such integrated use of observations and models is best done using data assimilation methods, which, in an optimal way, merges the information about the dynamics contained in a model with the information about the current state of a system contained in a set of measurements.
Recent developments in ecosystem modelling and data assimilation methodologies will together with the new satellite observation systems provide a basis for the implementation of an operational ocean monitoring and forecasting system which focuses on the coastal zone ocean and ecosystem dynamics. The time frame of such a system is expected to be about four to ve years, allowing time for the implementation and validation of data assimilation systems for coupled primitive equation and ecosystem models and also for building the framework of an operational system.
Data assimilation in OGCMs
The currently available data assimilation applications for OGCMs are based on rather simplistic assimilation schemes. By that is meant that none of these takes proper error statistics into account and ad hoc approaches are used for the assimilation. Thus, even if one now has a good understanding of how to formulate and solve the inverse or data assimilation problem, only a few simplistic approaches exist for realistic primitive equation models. This is due to the strong nonlinearities of the mesoscale ocean dynamics and the huge numerical load associated with such systems.
Examples of existing data assimilation implementations with OGCMs are given by Derber and Rosati 4] , where an objective analysis technique was used to update the model temperature in a version of the The fundamental problems related to formulation and solution of the general assimilation problem are now well understood and signi cant progress has been made during the last two or three years in developing advanced data assimilation systems which handle strong nonlinearities at an a ordable numerical cost, and where proper error statistics are used in the analysis step. These methods have been implemented and validated with less complicated models and there is now a signi cant ongoing e ort, worldwide, in implementing and validating these more advanced data assimilation systems for OGCMs. It is expected that so-called sequential methods will be the most e cient for operational data assimilation in OGCMs. Relatively simple versions of such methods, i.e. various versions of Optimal Interpolation (OI), have been used in the atmospheric community for decades 14]. The method is based on an assumption of known error statistics for the model forecast and the measurements at each particular time where measurements are available. Given the model forecast and the measurements with speci ed error covariances, a variance minimizing analysis estimate is calculated and used to reinitialize the model for the further integration until the next time when observations are available.
OI is a rather simple assimilation scheme and the e ciency and accuracy of the results depend crucially on the quality of the speci ed error covariances which determine the in uence an observation will have on the model state. A data assimilation system based on OI is probably the simplest methodology that can provide reliable results when used with OGCMs.
More advanced data assimilation techniques apply time dependent and dynamically consistent error statistics. This requires the forward integration of an error covariance equation for the error statistics, e.g. by using an Extended Kalman Filter (EKF) 6, 7] , or, as a better alternative, one can integrate an ensemble of ocean states as is done in the recently proposed Ensemble Kalman Filter (EnKF) 8, 9, 12] .
The recent developments related to so-called advanced methods like the EnKF, and the signi cant improvement of available computer resources, now suggest that such advanced methods should be implemented also with OGCMs. These methodologies have proven very successful when used with less complicated, but still highly nonlinear, dynamical models and there is a signi cant ongoing e ort in implementing such advanced data assimilation methods with OGCMs.
The EnKF is essentially a Monte Carlo method for predicting error statistics where an ensemble of ocean states is integrated forward in time, and the error statistics which are needed to perform a variance minimizing analysis can be calculated from the ensemble. A clever analysis scheme provides both an analyzed estimate and a reinitialized ensemble with the correct analyzed covariance after measurements have been assimilated. In the limit of an in nite ensemble size this method can be characterized as the optimal variance minimizing sequential method for nonlinear dynamics. The method provides statistical error estimates for the analysis without additional computations. The method completely overcomes the major problems reported for the Kalman lter when used with nonlinear dynamics. That is, there are no closure problems associated with the forward integration of error statistics, and if the ocean model can apply open boundaries this is also true for the EnKF. The numerical load has also been signi cantly reduced compared to the standard Kalman lter, and the method can now be applied for realistic domains and resolution on extant computer resources. The numerical cost corresponds to 100{500 forward model integrations.
The method has recently been applied with a multilayer quasi-geostrophic model for the Agulhas retro ection area, where Geosat altimetry was assimilated in a study of the Agulhas eddy shedding process 12].
Observations to be assimilated in OGCMs
The most important observations to be used in an operational system will be Radar Altimeter data, e.g. from TOPEX/POSEIDON and ERS{2, and sea surface temperatures, e.g. from the ERS{2 ATSR. These data are already available for use in preoperational data assimilation systems, however in a fully operational system the access time for the most recent observations becomes important. Probably such observations should be distributed on a daily basis. Further, real time analyses and predictions from the European weather services must be used for ensuring a proper forcing of the model and for making it possible to generate realistic predictions of the marine system.
Status of present ecosystem models
Several prognostic ecosystem models have been developed over the last decade in order to describe the cycling of nutrients and carbon in the marine environment. The model state variables typically consist of 1{3 groups of phytoplankton organisms, 1{2 groups of zooplankton organisms, bacteria, 2{3 nutrients, total dissolved inorganic carbon and total alkalinity, and dissolved and particulate organic matter. Although the marine ecosystem is very complex, including a high degree of temporal and spatial variability, modelling experiments show that the major features of the marine ecosystem dynamics are reasonably well understood 25, 5] . State-of-art ecosystem models, combined with information about the physical-biogeochemical state of the ocean, can therefore be used in a monitoring and forecasting system.
Data assimilation in ecosystem models
There are only a few publications available on data assimilation in ecosystem models (e.g. 16, 21, 23, 22] ). Thus it is natural to start with examining data assimilation methods for zero dimensional models (where variables are integrated in the vertical) to see how the assimilation methods are capable of retrieving the observed variability. The next steps are then rst an extension to a 1{dimensional model where the vertical is resolved, and nally to the full 3{dimensional model. Initially, a relatively simple ecosystem model should be used in the development of the data assimilation systems. One argument for working with relatively simple models in the development phase is that there are currently not enough observations available to constrain all of the variables in a multi-compartment ecosystem model. The data assimilation methods should be developed in a rather general context to be easily adapted to new and more advanced ecosystem models as such models develop in the future.
Other data assimilation techniques than those used with OGCMs should be examined for the ecosystem dynamics because of the vastly di erent mathematical properties of an ecosystem model compared to OGCMs (e.g. no nonlinear advection term). Thus, in addition to the EnKF discussed for the OGCMs, one should also consider so-called variational methods. One such candidate is the weak constraint gradient descent solver 10], 11]. In a weak constraint variational formulation one allows the model dynamics to contain errors and attempts to nd a solution which is close to the observations and at the same time \almost" satis es the model dynamics. \Close" is de ned in some sense, normally by minimizing the squares of the residuals between the estimate and the observations and the model dynamics. The method has proven very successful with strongly nonlinear dynamics, and has proven superior to other advanced methods in one particular example with the Lorenz model 19] since the method seeks the maximum likelihood solution independent of the nonlinearities of the model. Another strength is that the method does not require any integration of the model equations since a model solution in space and time is substituted in each iteration. 6 . A coastal ocean monitoring and forecasting system An accurate prediction of the coastal ecosystem will rely strongly on the quality of available estimates of ocean currents and mixing processes. Thus, reliable primitive equations ocean circulation models must be used in combination with data assimilation systems to provide the physical elds that advect and mix the ecosystem and nutrient variables. Further, inverse calculations or data assimilation systems must be used also with the ecosystem models to take advantage of information from observations about the state of the coupled physical-biogeochemical system.
The observing systems will have to consist of both in situ and remotely sensed information. Information about geostrophic velocities are available from altimeter data, the sea surface temperature may be estimated from IR images, and information about chlorophyll a concentration can be determined from ocean color sensors. In situ information is required for calibration of the satellite sensors, to add more model variables to the data assimilation schemes, and for extracting information on sub-surface variables.
An important property of a coupled physical and ecosystem model is that there exists to the lowest order only a one way coupling from physical variables to ecosystem variables. Thus one can rst solve the data assimilation problem for the OGCM and then use the analyzed advective velocities, mixed layer parameters and thermodynamic variables as input to the data assimilation system for the ecosystem model.
The major issue for the ecosystem assimilation problem is the lack of useful observations of biogeochemical variables. The only satellite sensors available yet that may provide useful information are the Coastal Zone Color Scanner (CZCS) and also the recently launched Ocean Color Temperature Scanner (OCTS) onboard the ADEOS satellite. Future planned remotely sensed ocean color observations will be those collected by SEAWIFS and MERIS In addition to ocean color sensors, regular surface and sub-surface in situ nutrient and biomass observations are needed in order to properly constrain the ecosystem model in a data assimilation context.
